A shoreline is a highly dynamic part of the earth's surface. Advanced remote sensing (RS) and geographic information system (GIS) techniques are being used for detection of shoreline position and change analysis. In this paper, a new methodology for automatic shoreline extraction is demonstrated and analyzed using Landsat 8 Operational Land Imager (OLI)/Thermal Infrared Sensor (TIRS) images. The methodology involves several stages consisting of preprocessing of satellite images, band selection, coastal water index (CWI) preparation, normalization of binary images, Otsu thresholding technique (named after Nobuyuki Otsu) for the land and water separation, image noise correction with morphological filter (image morphology), seawater separation from waterbody, vectorization of classified binary image, polyline conversion from polygon vector, shoreline selection, and generalization of the final shoreline. The positional accuracy of the final shoreline is evaluated with expert captured shoreline. It was observed that the average positional difference between computer generated shoreline and expert digitized shoreline was less than a pixel resolution. The proposed methodology is very helpful in any coastal application where the shoreline is used as a parameter. It also reduces the time of human intervention.
Introduction
The coastal area is highly dynamic and ecologically important as it harbors a high diversity of species. It is also environmentally sensitive to global warming and anthropogenic activities. Many physical processes, such as tidal flooding, sea level rise, land subsidence, and erosion sedimentation actively influence this region [25] . Hence, coastal zone monitoring is a significant task in national development and environmental protection. A key component of coastal zone monitoring involves shoreline extraction [27] . Conventionally, the shoreline is defined as the physical interface between land and water [7, 16, 18] . It is extremely useful for various applications, such as coastline change detection, coastal zone management, etc. The task of shoreline extraction is very difficult, time-consuming, and sometimes impossible for entire coastal system when using traditional ground survey techniques [1, 5] .
Several techniques have been developed to extract shoreline from satellite imagery, such as density slicing [8, 9] , Tasseled-Cap transformation [28] , ISODATA (Iterative Self-Organizing Data Analysis) classification [15, 40] , edge detection [13] , mean shift segmentation algorithm [6, 34] , numerous image edge-enhancement filters [17] , etc. In this paper, authors present a novel approach for the automatic extraction of shoreline from multispectral Landsat 8 OLI/TIRS satellite image. Authors also observed the advantages of the proposed method over existing techniques/tools. Shoreline extraction through existing tools (mentioned in the above) has numerous manual works while proposed method can automatically extract shoreline. The proposed method is very useful in time series shoreline change analysis wherein analyst can extract shoreline for multiple years of a given area with little manual effort.
Study Area
Rameswaram Island, Tamil Nadu has been selected as a case study area (Fig. 1) . The island is also known as Pamban Island. This island is located in the eastern part of the Ramanathapuram district of Tamil Nadu, India, and it is separated from mainland India by the Pamban channel. Rameshwaram is a holistic place for Hindus. The geographical location of the study area lies between 9 0 7′ 30″ to 9 o 19′ 30" N latitude and 79 o 7′ 30″ E to 79 o 27′ 00″E longitude. Maximum length of the island is about 28 km (km) in the eastwest direction, and it has a maximum width of 8 km in the north-south direction. It is located along the south-eastern part of India and is surrounded by both Palk Bay (PB) and Gulf of Mannar (GoM). In this island, beach area is broad with a wide intertidal zone. South-east part of the Rameswaram Island has a coral, swampy composed of a thin sheet of silt and clay in which coral fragments are impingement.
Data Used
Terrain corrected Landsat 8 Operational Land Imager (OLI)/ Thermal Infrared Sensor (TIRS) satellite image dated 2014 was used for the study area ( Fig. 1 ) which was collected from the freely available Landsat archive at the USGS (http:// earthexplorer.usgs.gov/). The details of the satellite image used for this study are presented in the following table (Table 1) .
Quality and solidity of the images are taken into consideration while selecting the satellite image for the study area [2] . Satellite images which have moderate to dense cloud coverage, low water-land contrast, and color difference at the coastal zone area are avoided during image selection.
Method
The aspiration of the present study is to extract shoreline feature from satellite imagery for GIS analysis. This was achieved through automation which was designed in GIS environment with integrated approach which involves several procedures consisting of preprocessing, coastal water index preparation, bright pixel enhancement, thresholding, binary image classification, vectorization, shoreline selection, and shoreline geometry simplification. The details of the methodology are presented in the following process flowchart (Fig. 2) .
The orthorectified Landsat 8 OLI/TIRS satellite sensor data was preprocessed before using for shoreline extraction. The following bands of the given Landsat scene were used for the present study, such as blue band (B2), green band (B3), red band (B4), near infrared (NIR) band (B5), short-wave infrared 1 (SWIR1) band (B6), and short-wave infrared 2 (SWIR2) band (B7). These bands were used for false color composite image preparation followed by visualization and interpretation of the target information. From these bands, only two bands were used for shoreline extraction which were B2 and B7.
Satellite image bands consist of radiometric and geometric errors due to various reasons from system to environment and atmospheric conditions. These bands are also given similar digital value (digital number) for different objects on the earth surface. Therefore, to distinguish different objects and to eliminate atmospheric effects, these bands were improved by using dark object subtraction (DOS) model. DOS model is widely used and is the simplest image-based absolute atmospheric correction procedure for image classification and change detection applications [10, 31, 32] . There are several DOS techniques constructed based on different assumptions about T v , T z , and E down [4, 10] wherein T v is the atmospheric transmittance in the viewing direction, T z is the atmospheric transmittance in the illumination direction, and E down is the downwelling diffuse irradiance. The simple technique is the DOS1 model where the following assumptions are made [4, 10, 21] , such as T v = 1.0, T z = 1.0, and E down = 0.0.
The DOS1 model is image-dependent where in situ measurement information is not required. This model is available with semi-automated classification (SCP) plug-in in QGIS environment [4] . After eliminating atmospheric effects from the image, a 3 × 3 mean filter was applied to reduce salt and paper noise [35, 39] , and this has been achieved by using Python programming language.
Coastal Water Index
In recent decades, several image processing techniques have been introduced for water body extraction from satellite imagery such as principle component analysis (PCA) and water index methods including normalized difference water index (NDWI), modified normalized difference water index (MNDWI), automated water extraction index (AWEI), etc. [22] . These methods were tested on the study area image for separating seawater and land. The results were not promising. Therefore, a new water index model called coastal water index (CWI) was developed after several research and development using Blue (B2) and SWIR2 (B7) bands of the satellite image. This model is used for highlighting and differentiating water bodies from other terrestrial land stuff. Following is the equation of CWI.
The higher pixel value of the CWI represents water body (bright object) while the lower pixel value (dark object) of the CWI represents other terrestrial land surface.
Image Enhancement
Image enhancement refers to a collection of techniques that seek to improve the visual appearance of an image or to convert the image to a form better suited for analysis by human or machine [20, 36] . In this study, a custom convolution matrix filter was used to enhance CWI binary image for creating a greater variation between water bodies (bright object) and other terrestrial land objects. The pixel values were changed after performing convolution matrix filter wherein the lower value increases slightly and the higher value increases extremely high which highlights the water bodies over other terrestrial land surface.
The convolution matrix filter which was used for the above analysis was designed by the authors after several experiments. For this analysis, a 3 × 3 customized convolution matrix filter was used. Following is the convolution matrix (F) used for this analysis.
The above convolution matrix filter was sprint over CWI using a 3 × 3 moving window wherein center pixel value of the window was calculated using Eq. 3 and updated the same to CWI. Eq. 3 is as follows.
where, V is the center pixel value, F is the 3 × 3 convolution matrix, and K is the 3 × 3 moving window which holds the value of CWI.
Image Classification
Image classification refers to labeling of images into one of many predefined categories [12] . In this study, CWI binary image was classified into two classes, namely, water body and land. In classifying this image, a very popular method called Otsu thresholding is used [2, 14, 38 ]. Otsu's method is used for best possible threshold value estimation for land and seawater separation. This method is named after Nobuyuki Otsu [30] , which is a clustering-based image thresholding algorithm that finds the best/optimized threshold to separate binary image into two classes [2, 23] of pixels following bimodal histogram (foreground pixels and background pixels). Otsu's method is dependent on image histogram and number of bins. Therefore, the image pixel values were normalized and stretched to 256 gray levels. The data type of the normalized binary was finally changed to integer data type for performing Otsu adaptive thresholding. The following equation is used for normalizing the CWI binary.
where, nCWI is the normalized binary of CWI, N is the minimum value of CWI, and X is the maximum value of CWI.
Otsu's method carefully searches for the threshold that minimizes the intra-class variance (the variance within the class) or maximizes the inter-class variance [38] . The equation of the inter-class variance is as follows.
where, is the inter-class variance, and are the class probabilities, μ 0 and μ 1 are the class means, and t is the threshold. Both the class probabilities and class averages are calculated from the histogram of the normalized CWI image. With the global threshold of Otsu's method, the normalized CWI binary was classified into two classes, i.e., land and water body. These two classes were represented by 0 and 1 wherein 0 represents land mass and 1 represents waterbody.
The classified water body was associated with following types of water mass, such as ocean water, river/canal water, backwater, inland water, water logged area, wetland, and aquaculture. The geometrical structure of these water bodies was varying from isolated single pixel to a group of water body pixels. The isolated single water body pixels act as noise in the classified image which was denoised from the classified image using mathematical morphology/morphological filter [19, 29] . In the bigger/wider water body cluster, many single pixel gaps/ voids are present which were filled by using morphological filter. This filter is also used for reshaping the geometrical structure of the water body clusters.
Morphological Filter
Morphology can be considered as an image processing technique which deals with form and structure of objects [24] . Morphological filters were originally developed for binary image and shortly it was extended to grayscale image [24] . Morphological image processing basically consists of nonlinear operations which can be related to the shape or morphology of features in an image, such as boundaries, skeletons, other image components, etc. [24] . The basic morphological operators include erosion, dilation, opening, and closing [24, 33] . There are also morphological transformations which include hit-and-miss transform, morphological gradient, white top-hat, and black top-hat.
In the present study, binary opening and closing morphological filters were used for cleaning the noise, filling gaps, and reshaping the structure of the object of classified image. Morphological opening on an image is defined as erosion followed by dilation where morphological erosion is the minimum filter that replaces the value of a pixel by the minimum value covered by the structuring [11] and morphological dilation is the maximum filter that replaces the value of a pixel by the maximum value covered by the structuring element. The morphological opening of A by B is obtained by the erosion of A by B, followed by dilation of the resulting image by B [33] :
Opening filter essentially removes the outer/external tiny noise that is present in the background region and restores objects with minimal side effect.
Morphological closing on an image is defined as dilation followed by erosion. The morphological closing of A by B is obtained by the dilation of A by B, followed by erosion of the resulting structure by B [33] :
Using closing filter, all noise present within the object region was removed without affecting the background region.
The result of opening filter followed by closing filter gives a noise-free and enhanced water body binary image. This image was further processed for getting the counts of water body object or group of water body pixels and their coverage by the total number of pixels. This was done to eliminate small groups of pixels (mostly belongs to inland water bodies) from the image. While eliminating these group of pixels, it was assumed that seawater has the highest number of pixel count/area coverage than any other group of water body pixels in the image. With this assumption, all the small groups of water body pixels (or, inland water bodies) were filtered out from the image whose area coverage was less than the highest water body area (sea). The resulting binary image keeps only highest group of water body pixels as sea mass and the noisefree background region as land mass.
Shoreline Feature Extraction
The seawater and land classified image (raster) was converted into vector polygon using "Polygonize (raster to vector)" tool available in QGIS software (version 3.4). The resulting polygon feature was associated with seawater and land. This polygon feature was again converted into polyline feature using "Polygons to lines" tool in QGIS. The intersecting line of land and sea was selected manually and exported as shoreline feature in QGIS environment.
As the given satellite data is a two-dimensional gridded image, therefore, the shape of the shoreline was crisscrossed linear feature. This shoreline was normalized for reducing the zigzag effect using "Simplify" tool under QGIS software. The tool has many line simplification methods to choose with . 8 Manually digitized shoreline and automated method produce shoreline positional geometry comparison different tolerances. Tolerance refers to search distance for the closest vertex and/or segments that are trying to connect to when we set a new vertex or move an existing vertex [26] . In the present study, distance-based (the "Douglas-Peucker" algorithm) simplification method [37] was adopted and considered pixel resolution (30 m) as tolerance for the shoreline normalization.
Accuracy Assessment
A geometric comparison was conducted between automatically extracted shoreline feature and expert digitized shoreline feature of the given area. At 1-km interval along the shoreline feature, reference locations/points are considered for estimating the geometrical/positional difference of the shorelines. For each reference location, a shift distance between two shorelines was estimated. For this analysis, a Python script was developed under GIS environment, wherein along the shorelines, perpendicular lines were generated by near node analysis, and after that, distance was measured using coordinate geometry (applying Pythagoras theorem). From the script results, perpendicular line's shape length between automated and digitized shorelines was estimated and then calculated the following statistics to derive a conclusion stating the accuracy of the extracted shoreline. The statistical equations are given below [3] .
Maximum difference ¼ max XS i ð Þ; i ¼ 1 to n ð9Þ
Standard deviation
where, XS is the perpendicular distance, n is the number of reference locations, and SQRT is the square root.
Result and Discussion
The results of each step that is taken into consideration for shoreline extraction methodology are described in the following sections.
Step 1: Coastal water index
In the above figure, the visual appearance is the same for both the images (left and right). There is no significant difference observed visually, although, the right-side image is little brighter than the left-side image (Fig. 3) . The difference of the above images is observed statistically in the below table (Table 2 ).
From the above table, it is observed that the maximum pixel value in nCWI is approximately 32 times higher than the maximum pixel value in CWI. In this study, both the images have the same minimum value which is zero. However, it could differ in other areas or scenarios. There is significant difference observed for standard deviation (SD) wherein SD of nCWI is approximately 44 times higher than SD of CWI which is a good indication of water body pixel difference among all other pixels of a land mass.
Step 2: Classification using Otsu's method
Step 3: Image morphological filter
The morphological analysis reduces all single pixel noise from the classified image and fills gaps accordingly. The difference can be visually observed from Fig. 4 and Fig. 5 . For example, in the Fig. 5 south-east location is free from single pixel noise.
Step 4: Land and seawater area The above figure shows the final classified image of land and water. This was achieved through several stages comprising of (i) grouping/clustering of water pixels, (ii) counting number of water pixels in a cluster, (iii) eliminating all small clusters, and (iv) extracting sea and land mass.
Step 5: Shoreline feature Figure 6 shows a binary image which is polygonized and then converted into polyline in GIS environment. From this polyline, the line feature shared commonly between the land and seawater is selected and considered as shoreline feature. This shoreline feature is further processed for getting more generalized (smoothened) polyline using simplify tool in QGIS ( Figs. 7 and 8 ).
Step 6: Shoreline positional geometry comparison The above figure shows computer generated shoreline, manually digitized shoreline, and reference locations (RL). The positional difference between these two shorelines is compared at RL where perpendicular length is calculated between shorelines. The shift between expert digitized shoreline and extracted shoreline for the study area is varying between 0.28 m and 68.67 m ( Table 3 and Table 4 ). From the above tables, it is observed that the minimum positional difference between automated and digitized shoreline is 0.28 m which is less than sub-pixel (15 m) length and maximum positional difference between these two shorelines is approximately 69 m which is above 2-pixel (60 m) length. The average positional shift is about 25 m which is just less than a pixel (30 m) length. It is also observed that the standard deviation (SD) is less than the mean distance difference of RL which is indicating that automatically extracted shoreline and expert digitized shoreline are very close to each other. Perhaps, the overall positional accuracy of the computergenerated shoreline is satisfactory.
Conclusions
Accurate delineation of shoreline from satellite image is a difficult task, and it needs to be undertaken carefully. The above automated methodology for shoreline extraction has been found to be more efficient than semi-automated method or even hand-drawn shoreline extraction. Automated methods reduce the time of shoreline extraction over semi-automated/ expert digitization. This is because automated method is built in such a way that it takes care of all components for shoreline position. Apart from this, it also reduces the chances of misinterpretation of manual shoreline digitization.
It is observed that, in some cases, manual digitization is accompanied with some level of inconsistency in shape/position, etc. due to different user perspectives. Therefore, the result of manual digitization cannot match exactly with automatically derived shoreline which yields better results with respect to processing time, volume of data, and change detection analysis.
